ImageProcessingndAnalysisat IPAG

|. INTRODUCTION

Medicalimageanalysishasgrown andevolvedtremendously
in thelast30 years.The distinctive natureof the problemsen-
counterechave led to the developmentof a signi cant body of
work addressingsuchissuesas fully three-dimensionatiata,
nonrigid modelsfor motion, deformationandcomparisonand
the statisticalvariationof normalandabnormailstructure.This
areaof researctderivesfrom the clinical andscienti ¢ appli-
cationswhich mustbe well understoodHowever, the method-
ologiesdevelopedencompasan array of techniqueghathave
adwancedmageanalysisndependentf the application.

This paperwill describethe developmentof the ImagePro-
cessingandAnalysisGroup(IPAG) at Yaleandthebroadrange
of work in the areaof medicalimage analysisthat hasbeen
pursued.Throughouburwork, we have ende&oredto take ad-
vantageof all availableinformationbothfrom prior knowledge
of physicalpropertiesgeometricconstraintor statisticalvari-
ationaswell asimagingdatafrom variousmodalities.Medical
imagingproblemstypically lie in awell-de ned domain. The
challengss to take bestadvantageof the givendomainto solve
the often complex andsubtleproblemsposed.

Il. ORIGIN AND HISTORY
1970'sto 1983: Initial Ph.D.Facultyin DiagnosticRadiolayy

During the 1970's, several Ph.D.faculty were hiredinto the
Departmenbf DiagnosticRadiologyin the medicalschoolat
Yalewith their primarytasksbeingaimedat providing physics
supportfor the clinical operationsn the burgeoning elds of
nucleamedicine(Bob Lange),ultrasoundFredKremkau)and
computedomography(SteliosOrphanoudakis)Eachof these
faculty memberswere ableto initiate and maintaintheir own
researctprogramsaswell, usingdifferentmethodsto support
their efforts, including industrialand somefederalfunding. In
1982,asMagneticResonanc&vasjust beginningto be consid-
eredfor clinical use,JohnGorewashired asthe NMR physi-
cist, now with a clearchageto developaresearclprogramin
this area.Soonafter (1982-1983)threemorehiresweremade
within the Departmentof DiagnosticRadiology Art Gmitro
and GeneGindi werehired initially to help with image/signal
processin@ndhardwareissueselatedto the developmeniof a
Digital SubtractionAngiography(DSA) system fundedby an
industrialgrantand Jim Duncanwas hired jointly by the De-
partmentandthe Sectionof Cardiologyto work on anumberof
imageanalysigssuegelatedto the TIMI (Thrombolysisn My-
ocardiallnfarction)projectfundedby the Nationallnstitutesof
Health. While all of thesefaculty werehired for separateea-
sons this groupbeganto gettogetheranddevelopa numberof
interactionsto startto form a medicalimaging methodology-
basedesearcltommunityat Yale.

As the social and professionalrelationshipsamong this
group of seven or so faculty membersmatured,thesepeople
formed, with supportfrom clinical colleaguessuch as Carl
Jafe, RichardGreenspamndBarry Zaret,the substratdor the

bioimagingscienceresearcmow rmly establishedat Yalein
2003.

While therewerea variety of attemptsto integratebioimag-
ing scienceinto a single entity within DiagnosticRadiology
by andlarge theseresearctefforts clusterednto threeprimary
areas:nuclearmedicine,magneticresonancémagingandim-
agepost-processingln this paper we will focuson the evolu-
tion of the latter area,that becamethe Yale ImageProcessing
andAnalysisGroup (IPAG). However, at the endof the paper
we will describehow the early possibilitiesof an integrated
bioimagingsciencecommunitywere re-kindled, bringing the
evolution of effort full circle.

1983-1989:Biomedicallmage Processindzarly Years

One subsetof the Ph.D.researcheri the bioimagingsci-
encesareasoverlappedsigni cantly enoughto form a coreef-
fort in medicalimageprocessingDrs. Duncan,Gindi, Gmitro
andOrphanoudakisSteliosOrphanoudakisbtainedajoint ap-
pointmentwith the Departmentf Electrical Engineering EE)
within the Faculty of Arts and Sciencesat Yale in the late
1970's. Jim Duncanand GeneGindi alsoreceved joint ap-
pointmentsn ElectricalEngineering Thesefacultyestablished
new coursesn the EE departmentn both Digital ImagePro-
cessingand ComputerVision. While both had a biomedical
avor in theexampleggiven,the courseavereestablishedh or-
derto interestYale graduateandundegraduatestudentsn the
generalareasof imageprocessingandimageanalysis. At the
graduatdevel, this effort soonpaid off. Severalnew graduate
studentsvith focusednterestsn imageprocessingndanalysis
(Larry Staib,Kathy Andriole, Dimitris GerogiannisandVolker
Tresp)joined ScottHolland (alreadyworking with SteliosOr-
phanoudaki®n ultrasoundsignal processingpsthe core stu-
dentsof this new group. Early work on parallelimageprocess-
ing algorithms[1] andvesselracking[2] appearediuringthis
period. Otherwork by Art Gmitro andGeneGindi focusedon
optical image processingstratgies for featureextractiongar
neringa bestpaperaward from the journal Optical Engineer
ing [3]. In addition,a body of work on imagereconstruction
methodsbeganat this time rangingfrom optical methodq4] to
statisticalmethodsin thework of Mindy Lee[5], [6] in collab-
orationwith GeneGindi and Geoge Zubal, nuclearmedicine
physicist. This work also included the developmentof the
ZubalPhanton{7], [8], ahigh-resolutiorthree-dimensionaln-
thropomorphidmagephantonderivedfrom sggmentechuman
anatomyof the full body representingall of the major struc-
tures. This datawasdesignedor useasa phantomin imaging
simulationssuchasfor Monte Carlomethods.

The emphasishowever, from the outsetwasto bridgeareas
of generaimageprocessingindcomputervision with medical-
imaging-speci cknowledge. As the Yale groupwasforming,
muchof the efforts in the medicalimageanalysiseld seemed
to be comingfrom oneof two directions:i.) computervision
andimageprocessingpecialistavith aninterestin, but limited
detailedknowledge of, medicalimaging and its applications



Fig. 1. In 2D, theelliptic Fourier parametersle ne a curve and, by way of
probabilitydistributions,canbeusedto constrairtheboundarynding process.

or ii.) medicalimaging physicistswho understoodhe princi-
plesof imageacquisitionandformation,but who typically did
not have thespeci ¢ appliedmathematicsgomputerscienceor
signal and image processingobackgroundto contrikute in the
algorithm developmentareas. By being physically locatedin
the medicalschoolwhile maintainingclosetiesto engineering
throughteachingandresearchwe strove to advancethe eld
by developingnew imageprocessingatndanalysismethodology
fully groundedwith knowledgeof imageacquisitionphysics,
anatomyand physiology andthe clinical and scienti ¢ ques-
tions.

From about 1985 to 1988 therewas a strongin uence of
work from arti cial intelligencein computervision and med-
ical imageanalysis.Drs. Gindi andDuncandevelopedacourse
projectin their computervision coursein which studentsam-
plementeda “blocks world” imageunderstandingystemtak-
ing the problemfrom image acquisitionto high level model
matching[9]. Jim Duncanincorporatedexplicit knowledge-
basedconceptanodelingthe walls of the left ventricle of the
heartin earlywork [10]. Advancesn the applicationof neural
networksto computervision andmedicalimageanalysiswere
alsomadeatthistimein thegroupby GeneGindiwith hisgrad-
uatestudentJoachimUtans[11]. They developedapproaches
to objectrecognitionusinghierarchicamatchingnetworks.

1989-pesent:IPAG Flourishes

As 1990approachedhegroupbeganto exploremoredeeply
someof the key areasn medicalimageanalysis.Larry Staib,
Amir Amini and HemantTagarebecamefaculty membersin
the group aroundthis time creatinga critical massof image
analysisresearchers.Workstationcomputationaland graphi-
cal power wasalsoincreasingremendouslyenablingan array
of techniqueghat were impossiblebefore. The development
of the web startedin this period and we createdone of the

rst web sitesin medicalimage analysisin Decemberl993
(http://noodle.med.yale.eduThewebhasobviously sincebe-
comeanessentiabspecbf disseminatiorandresearch.

Below we will discusssomeof the key areaghatIPAG has
pursuedincluding deformablemodelsfor segmentation,non-
rigid motionanalysisaimedprimarily at cardiacmotion,image
registrationandstructuralmeasurement.

Fig. 2. Ontheleft, a meancurwe is shavn in the centeralongwith curves
representinglus and minus one standarddeviation of the model parameters.
Ontheright this modelis usedto sggmentthe corpuscallosumfrom amagnetic
resonancémage.

Fig. 3. 2D deformableéFouriermodelsegmentingthe myocardiumfrom mag-
neticresonancémaged(left: initialization; right: nal cures).

DeformableModels: A strongfocus of the group arose
at this time aimed at developing mathematicalstrateyies for
extracting quantitatve measurementérom medical images.
Boundary nding for anatomicaktructureis a centralproblem
that penadesmary measuremenproblems. A chapteron the
methodologiesliscussedbelon wasincludedin acollectionon
medicalimaging[12]. Thekey themeshatemegedfrom this
work werethe incorporationof prior information of shapeas
constraint®r biasesandtheintegrationof multiple information
sourceq13], [14]. Suchinformationis crucialto the solution
of medicalimageseggmentationproblemsin the faceof noise,
ambiguityandstructuralcompleity. We approacheduchsey-
mentatiorproblemsfrom the perspectie of mathematicabpti-
mizationand(Bayesiankstimationtheory solvedusinga vari-
ety of numericalapproachesPerhapsheearliestclearexample
of thistrendwasthePh.D.thesiswork of Larry Staib[15]. This
work was aimedat developinga conciseparametrizednodel,
usingFourierdescriptorsof acontouror surfacethatcouldthen
be deformedor modi ed to nd aspeci ¢c boundarywithin an
image[16], [17], [18]. This modeleasilyallows the incorpo-
rationof prior shapanformationandwasthe rst techniqueo
useprior shapenformationin ageneraknd e xible way.

A maximuma posterioriobjectve functionof parameters, ,
wasusedandallows a trade-of or compromisebetweenprior
information, , andimage-denved information,

For a uniform prior, this formulationreducego the maximum
likelihoodsolution.

@)

Prior probability distributionson the parameterare usedto
introducea global shapemodelwith a biastowardanexpected
rangeof shapes.This approachis illustratedin Figures1, 2,
3 and4. Thiswork wasinitially presentedn 1988[19], [20].



Fig. 4. Spatiotemporaimodelscanbe usedto solve boundary nding prob-
lemsin temporalsequenceasin this cardiaceft ventriclemagnetiacesonance
exampleshaving threeorthogonalviews with the initialization of the left and
the nal resultontheright.

Fig.5. Original MR cardiacimage(top left) with meancontour(top middle)
andexperttracing (bottomleft). Note theimprovementin performancenov-
ing from anindependentovariance(bottommiddle)to smoothnessovariance
(bottomright) and nally the prior shapecovariance(topright).

Interestinglyfrom ahistoricalperspectie, thiswasbeingdevel-
opedin parallelwith the deformable‘snake” boundary nding
approachesf Kass,Witkin, andTerzopoulos.

Later, we studiedactive shapemodels[21] andshoved the
relationshipto Fourier modelsandways of exploiting the use
of the covariancematrix [22], [23] (seeFigureb).

Two alternateapproacheto usingprior knowledgewerepur-
suedby HemantTagare. Whenthe prior probability distribu-
tions of the boundariesare unknovn, an alternateapproach
is available which usesonly a single canonicalshapefor the
boundary The canonicakhapds encodedn atemplatewhich
ts theimageboundaryby deformingto minimize an enegy
function. Using conformalmaps,normalsto a deformable2-
d templatecanbe extendedsmoothlyto a largeregion of space
[24]. Thetemplates deformedby movingit alongtheextended
normals— which arecalled“orthogonalcurves”. Interestingly
it is ratherstraightforvardto show that the orthogonalcurves
anddynamicprogramminggivesthe global minimumof theen-
ergy function. Findingthe globalminimumis crucialto avoid-
ing localminimathatarisefrom noiseandgive grosslyincorrect
answers.This algorithmhasbeensuccessfullyusedfor mary
yearsto sggmentcarpalbonesin CT scans.Figure6 shavs an
example.

Fig.6. A wrist CT imageshaving carpalbones(left) anda deformableem-
platewith orthogonakurvesandanexampledeformation(right).

Fig. 7. Functionalactivation mapwith globalregistration(left) andwith local
registration(right) determinedisingthelevel setalgorithmwith shapeoriorsto
seggmentandregisterthe corpuscallosum.

In the secondapproachprior knowledgeaboutthe shapeof
the boundarieswas incorporatedinto a level setformulation
of active contoursin a variationalframewnork. The shapeof
a boundaryis all of the informationthatis left whenlocation,
orientation andsizeinformationis removed. Theshapeprior is
mappednto theimagespacey atranslationyotationandscal-
ing andit appearsasan additionaltermin the enegy function
of thelevel set[25]. During level setevolution, thetranslation,
rotation and scalingare continuouslyestimatedand updated.
Thealgorithmsimultaneoushachiezessegmentatiorof anim-
ageandits registrationwith a standarccoordinatesystem.This
methodcan be exploited in fMRI studieswheresimultaneous
segmentationandregistrationof local brain structuredeadsto
alowering of falsepositivesin the activationmapasshavn in
Figure?.

The resultsof active contoursare often evaluatedby com-
parisonwith manualsegmentation.Unfortunately experimen-
tal evaluationsoften do not shedlight on whenand why active
contoursbecomenaccurate A theoreticalanalysisis required
for understandinthis. In hisPh.D.thesis,TianyunMatheoreti-
cally exploredaccurag andconsisteng in active contourg26],
[27]. He wasableto shav thatsomeof the commonforms of
externalenegy functionscanleadto a signi cant biasin sey-
mentation. Someenegy functionscanalso make the contour
unstable.By suitablemodi cations of the enegy function, the
biasandstability problemscanbe eliminated[26], [27].

Integration: Boundary nding basedon edgefeaturescan
beaugmentedby consideringheincorporatiorof region-based
informationanddevelopinganintegratedMaximuma posteri-
ori (MAP) probabilitymethodin orderto determinghesurface
(or curve, in 2D) parametersvhich correspondo the structure
which matchedoththeboundarystrengthin theimageandthe
region homogeneitypropertieg13], [28]. This work on inte-
grationwasthethesiswork of Amit Chakraborty

We considertwo modules: onerelatedto boundary nding
andthe otherregion growing whereeachcontainsa coupling
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Fig. 8. In asimple2D gametheoreticformulation,constantevel curvesfor

and andthe correspondingeactioncurves( and ) of thetwo
playersareshavn. Fora x ed , thebestplayer2 candois to minimize
alongtheline . For eachdifferent , adifferentoptimalresponse
canbe foundfor player2, andthe collectionof all thesepointsform , the
reactioncurwe of player2. The Nashequilibriumlies at the intersectiorof the
playersreactioncunes.

termthatfeedsinformationrelatedto the othermodule:

(@)

representshe outputof theregion-basegrocessand rep-
resentsthe output of the boundary nding module. In the
rst equation, representsegion-basedlassi cationin-
formation[13]. In the second, representshe boundary
strengthin the shapeprior-driven contribution. and

represeninteractiontermsbetweerthetwo modules.

Initially, theseequationsvere solved sequentiallywith

. Theregionbasedsegmentatiorwasdeterminedrst andthen
thatinformationwasusedto optimizethe boundary

A morepowerful approacho integrationcomesrom agame
theoreticformulation[29], [30]. We wereableto deriveamore
generaformulationpioneeringthe useof gametheory(started
by thethesiswvork of Is | Bozma[31]) asameandor integrating
imageinformation[14].

When is non-zerothe rst equationincludesanadditional
interactionterm, , which feedsbackthe latestavail-
ableoutput of theboundarymoduleandrepresentsheagree-
ment of the voxels within the currentboundarywith the as-
sumedgray level distribution for the indicatedtissuetype. In
the secondequation,the interactionterm usesthe
latestavailable output  of theregion process.The modules
assumehe roles of playersin a 2-playergameand are opti-
mizedin parallel. The gamecontinuesuntil the playerscan
notimprove their positionswithout cooperatiorfrom the other
player This naturalstoppingpointof theparalleldecisionmak-
ing processonstituteghe Nashequilibrium solution[32] (see
Figure8).

The rationaldecisionprovided by the Nashequilibrium so-
lution is the naturalcounterparbf the optimumfoundwith se-
quentialobjective optimization. We have found it to be more
robustto noiseandinitializationin avarietyof 2D and3D prob-
lems[13].

In orderto computethe contrikbution of the region basedn-
formation,we needto computeanintegral over theregion. We
cancomputethis ef ciently if we corvert the volumeintegral

Fig.9. Resultsof surface nding for the headof theleft caudatenucleus(top
row) andtheright thalamugbottomrow) in anMR image.Thewireframeand
threeperpendiculaslicesthroughthe 3D image(1.2mm voxels) are shavn
with the surfaceobtainedusingbothboundaryandregion information.

to an areaintegral using Gauss'divergencetheorem[33]. We
constructa functionwhosedivergenceis the functionwe wish
to integrateby integratingin eachof the coordinatedirections.
Thenwe cansimply computethe areaintegral of this function
during the optimizationprocess(see[28] for details),greatly
reducingthe necessargomputation.

In thebrain,somesubcorticaktructure®ftenhave poorcon-
trastbetweergrayandwhite matterbecauséhey arestriateand
appeamwith intermediatentensity Thesestructureshowever,
arelessvariable,in termsof shapethanthecortex. Thus,prior
shapenformationcanbe of greatvaluein identifying subcor
tical boundariesln Figure9, we demonstrat¢he performance
of the 3D integratedmethodon subcorticaktructureexamples:
the headof the right caudatenucleusand the left thalamus.
Using the integratedmethodwith a prior shapemodel, along
with region and boundaryinformation, the properboundaries
arefound.

Level SetMethod Incorporating ThicknessConstaint:
While somesggmentatiorproblemsarewell suitedto the con-
straintsthat global shapeinformation provides, someinvolve
structuresvhoseshapesrehighly variableor have no consis-
tentshapeatall andthusrequiremoregenericconstraintg12].

XiaolanZeng,in hergraduatevork in thegroup,developeda
coupledsurfacesapproactfor automaticallysegmentinga vol-
umetriclayerfrom a 3D image[34], [35], [36]. This approach
usesa setof coupleddifferentialequationsyith eachequation
determiningthe evolution or propagatiorof a surfacewithin a
level setframeawork. In the caseof the cortex, onesurfaceat-
temptgto localizethewhite matter/graymatter(WM/GM) inner
cortical boundaryand the other the gray matter/cerebrospinal

uid (GM/CSF)outerboundary Couplingbetweerthesurfaces
incorporateshenotionof anapproximatelyx edthicknessep-
aratingthe surfaceseverywherein the cortex. This soft con-
strainthelpsin ensuringhatthe GM/CSFboundaryis captured
evenin thedeepecorticalfoldsin thebrain. A furtherassump-
tion is thatacrosseachsurface thereis alocal differencen the
gray level values,while in betweenthe two surfacesthereis
a homogeneityof graylevels. By evolving two embeddedur
facessimultaneouslyeachdrivenby its ownimage-baseuhfor-



Fig. 10. Evolution of coupledlevel sets:outer(magentaandinner (yellow)
surfacespropagatérom initialized pairsof concentricspheresn a3D MR brain
imageto localizethe gray matter

mationwhile maintainingthe coupling,we areableto achiere
anautomaticandrobustsegmentatiorof the cortex, andsimul-
taneouslyobtainarepresentationf theinnerandoutercortical
surfaces.

Startingfrom insidethe inner boundingsurface(gray/white
boundary),with an offset in between,the interfacespropa-
gatealongthe normaldirection stoppingat the desiredplace,
while maintaining the distancebetweenthem. Embedding
eachsurface as the zero level setin its own level function,
we have two equations: and

where and arefunc-
tions of the surfacenormaldirection,image-denved informa-

Fig.11. Top: Surfacesesultingfrom singlesurfaceapproachnding theinner
andoutercortical surfacesseparatelyBottom: Coupledsurfacesapproacirun
on samedataoverlaid on a sagittalslice masled by experttracingof the outer
cortical surfaceshaving goodagreementCouplingpreventsthe inner surface
from collapsinginto CSF(1) andthe outersurfacefrom penetratinghon-brain
tissue(2).

tion andthe distancebetweenthe two surfaces. The coupling
is embeddedn the designof and . Wherethe dis-
tancebetweerthe two surfacesis within the normalrangefor
cortical thicknessthe two surfacespropagateaccordingto the
image-basedhformation; wherethe distancebetweenthe two
surfacesis out of the normalrange the distanceconstrainghe
propagationWe de ne:

3)

Function smoothlymapslargergraylevel transitionprobabil-
ity to slowerspeedFunction smoothlypenalizeshedistance
outsideof the normalrange. Thus, eachsurfacemoves with
constantspeedalongthe normaldirection,andslows down or
stopswheneithertheimage-basedhformationbecomestrong
orthedistanceo theothersurfacemovesaway from thenormal
range.

The ability of the evolving level setto changetopology
break,mergeandform sharpcornersgreatlyassistsn the con-
vergenceto comple structures.In addition, the level setap-
proach facilitates structural measurementhrough the direct
computationof geometricparameterssuch as curvature and
thicknessyia thelevel setfunction[36] (see for example,Fig-
ure 18). Surfacerenderingsshaving the evolution of theinner
andoutercorticallayersfoundfrom anormal3D brainMR im-
ageusingthis approachareshavn in Figure 10. This method
hasbeenextensiely testedin our lab andelsavhere[37] with
accurateaesultsunderarangeof conditions.



Fig. 12. Straincomputedusinga biophysicalmodelfrom caninecardiacMR
datacomparingbaselingo infarctedleft ventricle.

Fig. 13. Echoultrasounddatacanalsobe analyzedwith a physicalmodelto
estimatestrain. Shawvn hereare pointsderived from the modeloverlaid on the
ultrasoundmageto give “echotissuetags”analogouso MR tagging.

Nonrigid Motion Leadingto Deformation: Analyzingin-
formationembeddedh temporalsequencesf imageshadlong
beenof interestto medicalimage analysisresearcherswith
mary of thedriving applicationgomingfrom theneedto quan-
tify cardiosascularfunction. The IPAG efforts focusedprimar
ily on developingstrateiesto follow left ventricular(LV) mo-
tion, andultimately deformation,in attemptsto stratify differ-
encesin LV performanceas derived from ary one of several
non-invasive imaging modalities. A comprehensie review of
methodsfor estimationof cardiacmotion and deformationin-
cluding the methodsdescribeelon wasincludedin arecent
bookon medicalimageanalysiq38].

In theearly1990's,anumberof groupshadbegunto develop
techniquesto nd correspondencebetweenpairs of frames
from 2D cardiacimagesequencef39], [40] aswell asto de-
velop usefulparametrizationfor spatiotemporatiataset$41],
[42] in attemptsto modeland more fully determinenonrigid
motion. In the computervision community theseefforts were
initially reportedatthe rst conferenceessioron nonrigidmo-
tion analysisatthe [IEEE ComputerSocietys 1991 Conference
onComputeisionandPatternRecognitiofCVPR91).Tothe
clinical cardiologycommunity however, mary of theseideas
were seenasthe mostrecentattemptsto addresghe dif cult
problemof stratifyingleft ventricularfunction.

Within IPAG, our focuswasto developa strateyy for quanti-

fying LV functionthatcouldbeusedto deriveinformationfrom
ary oneof a numberof noninvasive imagesequencesWhile
othergroupsfocusedalmostsolelyonthepromisingtechniques
of analyzingMR tagging[43], [44] or MR phasevelocity [45],
we choseto try to develop approacheshat were potentially
modality-independent.The commonthreadwe sav was that
if we could somehev accuratelysggmentout the endocardial
andepicardialboundariegrom eachframe of a cardiacimage
sequenceandsampleoftenenoughwe couldassumehatlocal
surfaceshapewould be preseredbetweenany two framesand
hencebeusedasatrackingmetric.

This effort beganby analyzingtwo-dimensionatardiacim-
agesequencesDuetto its spatialresolution,andin partto be
ableto compareto taggingandphasevelocity trackingresults,
we choseo usetwo-dimensionatine-gradienechoMR image
sequenceasourinitial data.Endocardiabindepicardiabound-
ary sgmentationin eachframewasperformedusingmodi ed
versionsof the Bayesianboundary nding strateyy described
above (see[16]). Curvatures, , werederived at eachbound-
ary pointandusedastrackingtokens.Matchingwasperformed
by nding thebestlocal segmentof length  surroundingpoint

at framei+1 within a plausiblesearchregion = whose
shapeébestmatchesa segmentsurroundingcandidatgoint  at
timei via asquarectunvature(i.e. bendingenegy) metric:

(4)

Oncetheoptimal is foundin thesearctregion, thevec-
tor thatconnectsthesetwo points canbe de ned. Similar
displacementectorscanbelocatedat all points  with con -
dences, , assignedby thestrengthanduniquenessf theshape
match. Uncertainty noiseand out-of-planemotion were han-
dled by employing a regularizationstrateyy to estimatea nal
setof smoothedlisplacements:

(5)

Early resultsusingthis approacton 2D MR andechocardio-
graphicimagesequencelatawereencouraging40], but it was
appreciatedhattherewereanumberof dif culties with theap-
proach,ncludingthelack of includingtemporalinformationin
the modeling,the dif culties deriving motion from segmented
boundariesand perhapamostimportantly the needto address
thefull 3D motionproblem.

This work evolvedin severaldirections. Oneeffort focused
on the integration of temporaland full spatiotemporalnfor-
mation/modelingnto the motion recovery procesg46]. This
work, by JohnMcEacherfor his thesis,continuedto work on
2D imagesequencéataandtookonadecidedlyclassicaElec-
trical Engineeringa vor asthe basicstratgly wasbasedon re-
cursive ltering incorporatinga periodicity constraint. A sec-
ondeffort wascenteredn integratingseveral sourcesf track-
ing cuesinto theframe-to-framd.V motionestimatiorprocess.
The initial ideawasaimedat usingthe boundary-basedghape
cuesdescribedabore, along with Eulerian estimatesof dis-
placemenfoundby integratingMagneticResonancehaseve-



locity information. Theintegrationof shapewith direct,dense
measurementsf three-dimensionatelocity providesa power-
ful setof constraint®ntheinterpretatiorof motionfrom image
data.Thiswork wasprimarily doneby FrancoisMeyer, a post-
doctoralfellow in IPAG atthis time (latera faculty membeiin
thegroup),who hadworkedon rigid body motionproblemsin
computewisionduringhis Ph.D.studiesn France While these
data provide direct measuref velocity, they are extremely
noisy A Kalman ltering approachwasdevelopedhereusing
spatialand temporalconstraintso determinean optimal esti-
mateof the cardiackinematicq47].

The third researchdirection that evolved from our initial
shape-base®D cardiacmotiontrackingwork wasanchoredn
two key concepts.The rst conceptwas groundedin the un-
derstandingn the cardiologyclinical researcHiteratureat this
time that the quanti cation of LV function from noninvasive
image sequencesvas found to be more robust if onelooked
at the relatve measuremenodf LV myocardialwall thicken-
ing as opposedto just absolutepoint displacemen{seee.g.
[48]). The secondconceptwasthatin orderto fully under
standLV function,onehadto appreciat¢hattheheartis athree-
dimensionalnonrigidly deformingobjectandthatthe quanti -
cationof this deformatiorlik ely hadto bederivedfrom thefull
4-dimensiona(3 spatialdimensionglustime) imageinforma-
tion. Wall thickeningwasthusonly onecomponenbf a more
completemeasureof myocardialdeformation:the local strain
tensor

Thesesamebasicideaswerealsotaking hold at the time in
theMR imagingcommunity drivenby the developmeniof MR
grid taggingfor following tissuedeformation49], [50].

Thus, IPAG efforts on cardiacnonrigid motion in the mid-
1990'sfurtherdevelopedby extendingour 2D shape-baseaho-
tion tracking stratgyies to three dimensionsusing 3D curva-
ture to track surface-basednotion derived from cine-gradient
echoMRI. Theearliestefforts wereperformedby Amir Amini
and Jim Duncan,during Amir's postdoctoralstudiesat Yale
[51]. Thesedeaswerefurtherdevelopedin the Ph.D.thesef
Pengchengshi [52] andthen Xenios Papademetrig53]. The
curvature matchingprocessrepresentedyy equation5 above
wasnow basedon matchingthe similarity of the principal cur-
vaturesbetweenan endocardiabr epicardialsurfacepatchat
time toasetof candidatatchesvithin asearchregionattime

. A key next step,anchoredn Pengchen&hi's efforts,was
thedevelopmenbf aninterpolationapproacthatcouldaccept
theseémage-denved,surface-basedisplacementandthencre-
atequantitatve measuresf mechanicaktrainacrossheentire
LV myocardialvolume. This work was publishedat the rst
CVRMed conferencan 1995 [54] and moved IPAG into the
areaof using more realistic physicalmodelsto try to capture
the underlyingmyocardialtissuepropertiesandsene asa ba-
sisfor integratinginformationandpresentingjuantitatve mea-
surement®f strain. The advantageof this directionwas that
therewasan entire cardiacbiomechaniceommunity[55] that
had spentdecadegrying to develop accurateforward models
of theLV. Theinitial IPAG effortsin this areausedsimple,lin-
earelastichiomechanicamodels(realizedvia a stiffnessmatrix

), assumedh nitesimal strainsbetweerary two time frames
andassumedhat a sparsesetof displacements, , couldbe

foundfrom 3D shaperacking. The volumebetweerthe endo-
cardialandepicardialsurfacesat eachtime framewasmeshed
andthe following Newtonian equationwas then solved using
a nite elementstratgy at all pointsat eachtime frameto get
adensesetof displacements , wherethe matrixis usedto

weightthe con dencein the shapamatches:

(6)

Furtherextensionswere then incorporatedto integrate shape
basedestimateof displacementith velocity estimatesnea-
suredusing phasevelocity MR, now in a fully 4D framework
andusingacontinuummechanicammodelof thehear56], [57].

As the physical modeling work continuedto mature and
evolvein thegraduatevork of XeniosPapademetri§s8], [53],
[59], the formulationwas viewed from a Bayesianstandpoint
andthebiomechanicamodelof theheartwasaugmentedo in-
cludemuscle ber directions.Quanti ed 3D measuresf strain
couldnow bereliably derived from a moving sequencef sey-
mentedmyocardialsurfaceson a desktopworkstation. An ex-
ample of thesederived strainsare shavn in Figure 12. This
methodologywas implementedn a software platform that is
usableby collaboratoraandhasled to advancesn the cardiol-
ogy literatureon regionalmyocardialdeformation60].

Critical to theseefforts wasthe notionthat displacemenin-
formationcould comefrom avariety of datasourcesincluding
shapecues,MR tags,and/orMR phasevelocity information.
The shapetracking strateyy permitsthe approachto be used
acrossmagingplatforms. For example,furtherwork extended
thesetechniquedirectly to 3D ultrasounddataenablingthe
possibility of suchmeasurementsom alow costandportable
modality[61], shavn in Figure13.

Theseideasin realisticsoft tissuemodelingwerefurtherde-
velopedandappliedto the relatedproblemof computingbrain
deformationduring neurosugery [62], [63]. Biomechanical
modelsare againof extremevalueherein orderto accurately
model the brain and track its deformationincorporatingthe
effectsof gravity. This work stemsfrom the thesisof Oskar
Skrinjar. First, intraoperatie sparsgpoint measurementaere
usedto drive the model [62], [64]. A nite elementcompu-
tational approachwas usedto implementthe biomechanical
model. Later, sterecimagesof the exposedbrain surfacewere
usedto provide a denseset of measurementfor driving the
model.Stereaeconstructioomethodsverederivedfor thispur-
pose[65] to determinethe changingsurfaceof the brain. This
processs shavn in Figure14.

Ragistration Methods: Over the years,a numberof usin
IPAG have worked on differentregistrationproblemswith dif-
ferentapproachese ecting both the applicationareaandthe
underlyingmethodologystartingwith rigid methodsandmov-
ing to nonrigid. We developedmethoddor rigid registrationin-
corporatingconstraintausinglinear programming66] aswell
as methodsusing geneticmethodsfor improved optimization
[67]. Nonrigid methodswveredevelopedusingelasticand uid
modelsthat were augmentedwith structuralconstraintsthus
combininggray level matchingwith featureq68]. This work,
by YongmeiWangduring her graduatework, usedthesecon-
straintsto help to bring the gray level matchinginto concor
dancewith the underlyinganatomy During his postdoctoral



Fig. 14.
biomechanicaimodelfor determiningbrainshift (bottomright).

study Colin Studholme,worked on the problemof magnetic
resonanc€MR) distortioncorrectionmappingechoplanarim-
agedatato conventionalMR. He developedmethodgo account
for bothgeometricandintensitydistortionswithin the EPI data
by constrainingnonrigid mutualinformationbasedregistration
usingthe physicalbasisof thedistortion[69].

AnandRangarajanafacultymembeiin thegroupatthis pe-
riod, and his studentHaili Chiu, developedthe techniquero-
bustpoint matching(RPM) for nonrigidregistration[70], [71].
They formulatedregistrationcompletelyin termsof point fea-
turesand a correspondingnatch matrix. The match matrix
cornvergesto a speci cation of correspondenceand a corre-
spondingnonrigid transformationwith outlier rejectionusing
the“soft-assign"technique.

Another approachto non-rigid correspondencéetween

closedcurveswaspursuedoy HemantTagare.Generalizations

of monotonicone-to-oneorrespondencesalledbimorphisms
were shown to be a classof “monotonic” curveson the torus,
which is a productspaceof two closedcurves. By suitably
de ning ametriconthetorus,the shape®f thetwo curvescan
becomparedaindanoptimalcorrespondenceanbefound[72],
[73]. Figure 15 shavs an example. Thereare several advan-
tagesof thisidea. Thetheoryclearly lays out the geometryof
correspondences\lso, theoptimalcorrespondends symmet-
ric, i.e. the sameanswelis obtainedrrespectve of the orderin
whichthetwo curvesarecomparedThelastpropertyis impor-

Intraoperatie steredimagepairs(top) canbe usedto reconstructhe exposedbrain surface(bottomleft) which canthenbe usedasa constraintin the

Correspondence
asaset

An element of
the correspondence

Fig. 15. The correspondencbetweentwo closedcuresis shavn to be a
cune onthetorus,which is the productspaceof the curves(left). An optimal
correspondencieom onecorpuscallosumto anotheiis shavn ontheright.

tantin applyingnon-rigidcorrespondenceas motionanalysis.

An informationtheoreticframevork was developedfor the
speci ¢ registration problem in radiation theragy treatment
planningwhereoneor morelow quality 2D portalx-rays(gen-
eratedrom therapeuti@negy x-rays)needto beregisteredo a
3D CTimage[74], [75]. Ravi Bansal,n histhesiswork, devel-
opedaninformationtheoreticapproactor this problemwhere
simultaneouseggmentatiorandregistrationwerecarriedoutin
analternatingterative minimaxentrogy algorithm.

We have alsopursuedmethodsfor the determinatiorof sur
facepoint correspondenctr shapecomparisorbasedon cur-
vaturefeaturesandgeodesidnterpolation[76], [77].



Fig.16. Raegistrationof portalimageswith digitally reconstructedadiographs
(DRR) from CT before(left) and after (right) registration. Manualtracesin
red indicatedegreeof correspondencef features.(a) anteriorposterior(AP)
portal (b) lateral portal (c) original lateral DRR (d) original AP DRR (e) AP
segmentation(f) lateralsegmentation(g) registeredlateralDRR (h) registered
AP DRR.

Measuement: Structurecan be characterizedn mary
waysfrom simplevolumemeasurement®s curvature.We have
developeda humberof techniquedor speci ¢ structuralmea-
surement.

The level set representations particularly corvenientfor
somestructuralcomputationssuchasthickness For ary point
on the outer cortical surface, the absolutevalue of at the
pointis simply the distancefrom the point to theinner cortical
surface. Using this measurewe obtain a thicknessmap be-
tweenthe innerandoutercortical surfaces which canbe used
to studythe normalthicknessvariationsin differentregionsas
well asabnormalitiesas seenin Figure17. Cortical surface
areais alsoeasily capturedand measuredrom our sggmenta-
tion approach.

Cortical surfacedeterminatiorfacilitatesfurther analysisby
the determinationof sulcal surfaces[78]. First, sulcalcurves
atthetop andbottomof the sulcuscanbe automaticallytraced
after the speci cation of startand end points using dynamic
programmingbasedon a surfacemaximumprincipal curvature
costfunction. Sulcalribbon surfaces(shavn in Figure19) can
thenbe determinedetweerthesecurvesdeformingthesurface
basedn the distanceunction of the surfacewithin the sulcus.

Neuroanatomieneasuremerdpplicationsapplythesemeth-
odsto clinical andscienti ¢ taskssuchasfor structuralvolume
measuremen¥9], [80]. We have developedmethodgor shape
analysisusingfactoranalysisfor the characterizatiomf shape
appliedto the corpuscallosum[81].

Image Databases:Digital medicalimaging has madeit
possibleto createand maintain large collectionsof medical
imagesfor researchand browsing. Medical image contentis

Region thickness
(Lobe) (mm)( SD)
Left Frontal 3.40(.43)
Right Frontal 3.25(.42)
Left Posterior 3.06(.41)
Right Posterior || 3.00(.40)

Fig. 17. Measuremenbf Cortical Thickness. Top: Table reportingmean
thicknessvaluesfor N=30 normalcontrolmales.Note: Posteriomregion en-
compasseall parietal,temporaland occipital cortical tissue. Bottom: Thick-
nessplotsof 2 normalbrains(onebrain: a,b; secondorain: ¢) shaving marked
thinningin the postcentrafyrusandprimary andsecondaryisual corticesin
theoccipitallobe.

dif cult to describein wordsanda medicalimagedatabasés
mosteffectiveif it exploitsimagecontent.Developingthetech-
nology for suchdatabaselasbeena focusof extensie work
by HemantTagare. An overview of the problemsin this area
andour overall methodologyis givenin [82]. Much of our re-
searchin this areafocuseson indexing stratgiesfor similarity
retrieval. Classicalindexing stratgiesassumehatfeaturesare
in a Euclideanspaceand a metric is available for comparing
them. We extendindexing stratgjiesto the non-metriccaseus-
ing interval-valuedarithmetic[83] and proposenon-Euclidean
metric spacedor indexing [84]. Complicatedfeaturecompar
isons,for examplewith dynamicprogramminggcanalsobein-
dexed([85]. In high dimensionakpacesindexing suffersfrom
the curse of dimensionit becomesncreasinglydif cult to in-
dex uniformly distributeddata. Ef cient indexing needso ex-
ploit non-uniformityin datadistributionandwe have developed
adaptve indexing stratgjiesfor this purpose86], [87]. These
stratgiesmodify the indexing tree so thatthe resultingtreeis
guaranteedo bemoreef cient thantheoriginal one.

Otheraspect®f medicalimagedatabasebave alsobeende-
veloped. While visiting our group, SennayGhebrealdevel-
opeda tool for creatingand editing graphicalimagedatabase
schemag88]. Someinterestingmedicalimagefeatureshave
also beendeveloped. One exampleis the notion of arrange-
mentsof organs which describethe mannerin which different
organsappearembeddedh theimage[89]. Arrangements re-
latedto the Voronoidiagramof the organsandit is possibleto
de ne ametriccomparingdifferentarrangements.

Although our group has focused on developing image
database the context of medicalimages,a surprisingand
gratifying applicationof this technologyhasbeenin biologyin
marinemammalresearch90], [91].
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Fig. 18. Theinnerandoutercortical surfacesof a brain coloredaccordingto
the correspondingunaturemeasurg92].

Fig.19. Sulcalsurfacesshavn with cut-avay view of brain (top) andon outer
corticalrendering(bottom).

I1l. RECENT DEVELOPMENTS

Two developmentsat Yale have led to the betterintegration
of educationand researchin medicalimaging: the formation
of a programin biomedicalengineeringwithin the Faculty of
Engineeringand a sectionof bioimaging scienceswithin the
Departmentf DiagnosticRadiology

In 1996, with the generousupportof the Whitaker Founda-
tion, we embarled on the formationof a biomedicalengineer
ing programat Yalewith medicalimagingasacorearea(along
with biotechnologyandbiomechanics)This programwasde-
signedto combinethe strengthof engineeringandmedicineat
Yale andhassteadilygrown sincethen. The programprovides
both undegraduateand graduatestudentswvho can participate
in researchin medicalimaging.

In the early Springof 2001,the ImageProcessingindAnal-
ysisGroupwasformally unitedwith groupsin theareasof MR
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Fig. 20. BioimagingandInternentionin NeocorticalEpilepsy: An example
of theintegrateddisplayof anatomicakndfunctionalmagneticresonancém-
ages,alongwith electrophysiologicainformationtaken from a patient. This
representaninitial versionof the neurosugical navigationalframework being
developedon this grant.

Physics, Nuclear Medicine Physicsand NMR Spectroscop
within the Departmenbf DiagnosticRadiology This structure
wastermedthe Sectionof Bioimaging SciencesandProfessor
Duncanwasnamedasthe directorand ProfessoiDoug Roth-
man,anNMR spectroscopishamedasco-director Thisuni -
cationof researctgroupsin DiagnosticRadiologyhasalready
resultedin a tighter connectionbetweenthe imageformation
andimageanalysisaspect®f medicalimagingresearchin par
ticular, asa directresultof closercollaborationwith the other
groupsin the Section,we wereawardedthe rst new research
grantfrom the NationalInstitute of Bioimagingand Biomedi-
cal Engineeringor a biomedicalengineeringesearcipartner
shipgrantentitled“Bioimaging andinterventionin Neocortical
Epilepsy”aimedat the studyof epilepsythroughMR imaging
and spectroscop with analysistechniquesulminatingin im-
provedimageguidedneurosugeryfor thetreatmenbf epilepsy
(seeFigure20).

Theultimatesourceof theproductvity of thegroupis thetal-
entsof the mary studentsaandscholarsvho have worked here.
With the recentaddition of Xenios Papademetrigo the fac-
ulty, we currentlyhave four professor§Duncan,Tagare Staib,
Papademetris)two researchscientists,four postdocsand 11
graduatestudents. In addition, Geoge Zubal, haslong been
acloseafliate to thegroup,focusingon quanti cationin nu-
clearmedicine. On the strengthof all their efforts, IPAG will
continueto beproductie.

Future Directions

Certainly our core work usingorganandtissue-leel diag-
nostic medicalimagesin segmentingand measuringstructure
andfunction,imageregistration,andtrackingandquantifying
motionanddeformationwill remainatthe centerof IPAG's ef-



forts in the yearsto come. Continuingto explore how our ap-
proachesanbeintegratedor economizeds alwayssomething
at the forefront of our thinking: e.g. how canimageintensity
andimage-denedfeatureinformationbe combinedto develop
more robust segmentationand registrationalgorithmsor how

canparameterfoundatahigherlevel of abstractior{e.g. strain
in aninfarctedregion of theleft ventricle)be usedto guidethe
extractionof usefullow level imagefeatures?

However, we also expectto be dravn in new and exciting
directionsbasedon our exposureto emepging collaborations
with our colleaguesn MR spectroscop andphysics different
clinical areasrelatedto image-guidedntervention and struc-
turalandfunctionalimagingatthecellularandmoleculadevel.
While we will be ableto dovetail someof theseefforts with
methodologicabpproachesve arealreadydeveloping,we ex-
pectto bedrawvn to entirely new directionsthatinclude: track-
ing multiple nonrigid moving objectswith complex evolving
relationshipge.g. cell body motion andtubule growth), esti-
mating statisticalmixtures of biochemicalinformation repre-
sentedat eachvoxel in a variety of imagedatasetattempting
to probebiologically meaningfulinformation (e.g. MR spec-
troscopy, molecularimaging using uorescentand/orradiola-
beledprobes)anddesigningclose-to-real-timeipdatingstrate-
giesregardingtissueandtool movementin interventionalpro-
cedures.

IV. GUIDING PRINCIPLES

Within IPAG, we feel fortunateto have beenableto cre-
atea stablescienti ¢, nancial andadministratve ervironment
wheremedicalimageanalysisresearchermterestedn apply-
ing well-groundednathematicahndcomputationatonceptso
problemsn medicalimagingcan ourish. Therehavebeerser-
eralguidingprinciplesthathave helpedus:

1) Takethetimeto nd andmaintaingoodclinical andtech-
nicalcollaboratorsvhohaveinterestingoroblemshatare
pushingthe currentlimits of medicalimageanalysisand
processingechnology Thepro le of agoodcollaborator
canvary, but generallyhasthesetraits:

he/sherealizesthat you are looking for interesting

problemsin your own (medicalimageanalysis)re-

searcharea,relatedto the methodologyand under

lying formulationof theseissues- andthey wantto

walk side-by-sidewith you towardcommongoals.

is someonavhoyou cangenuinelyresonatavith and

getalongwith.

is someonavhohasanappreciatiorandsomeunder

standingof the eld of medicalimageanalysis.
We have hadlongstandingand successfutollaborations
with a number of scientistsat Yale including Robert
Schultz (Child Study Center),Albert Sinusas(Cardiol-
ogy), DennisSpencei(Neurosugery) and Todd Consta-
ble (DiagnosticRadiology).
Go after problemsthat pushthe currentstate-of-the-art;
avoid problemsthat apply established/routinédeasin
computervision to problemsin medicalimageanalysis
thatdon't requireat leastsomeoriginal thinking. How-
ever, keepin mind the requirementof medicalimage
analysign termsof theneedto validate.

2)
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3) Maintaina presenceincluding publications,conference
attendanceetc.,in boththe basic elds of computervi-
sion andimageprocessingaswell asthe more focused
eld of medicalimageanalysis. The primary medical
image analysisconferenceshave beenIPMI (Informa-
tion Processingn Medicallmaging)andMICCAI (Med-
ical ImageComputingand ComputerAssistedinterven-
tion) (andits predecessors).Participationin the clini-
cal/biomedicahpplicationcommunitieds alsoimportant
(e.g.cardiology neurology neurosciencestc).
Permitjunior facultyto developin anindependenman-
ner, but provide guidancdo try to developacohesive and
complementargroupof researchers.

Develop a stableinternal sourceof fundsfrom the De-
partment/Schodhatcarriesoveryearto-year
Encourage&ollaboratiorandcooperatiorwith othermed-
ical image analysisgroups. The intellectual life at
IPAG hasperiodicallybeenenrichedby visiting students
and scholars. We have had particularly good relation-
shipswith visitors from Guy's Hospital through Dave
Hawkes(Glynn Robinson Colin Studholme)University
of AmsterdamthroughArnold SmeuldergMarcel Wor-
ring, SennayGhebreab)UtrechtUniversitythroughMax
Viergever (Wiro Niessen,JosienPluim, Rik Stokking)
and INRIA-Sophia Antipolis through Nicholas Ayache
(Eric Bardinet).

Insureaccesgo graduatestudentseitherthroughpartic-
ipationin a medicalimaging sciencegraduateprogram
or throughappointment&ndteachingwith an appropri-
atedepartmente.g.EE,BME, CS,Physicsgtc.)

4)

5)

6)
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